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ABSTRACT 
The main purpose of this study is to examine a dataset of 32 matched pairs of failed and 
non-failed Eurozone banks, according to the size of total assets, over the period 2008-
2015. Logistic Regression and Multiple Discriminant Analysis (MDA), based on the 
CAMEL rating system, were employed on yearly report data for one, two and three 
years prior to failure in order to determine whether reliable failure prediction models 
for Eurozone banks can be developed. 
Logistic Regression Analysis outperformed Multiple Discriminant Analysis when yearly 
data for one year prior to failure were employed. Notably, the logit model yielded an 
overall correct classification accuracy of 82.81% compared to 81.25% for the MDA. On 
the other hand, MDA was superior when yearly data for two and three years were 
employed. It yielded an overall correct classification accuracy of 73.44% and 64.06% 
respectively, compared to 71.88% and 59.38% for the logit model. 
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1. INTRODUCTION 
The main objective of this study is to develop a reliable failure prediction model for 
Eurozone banks using a recent dataset. Logistic Regression Analysis and Multiple 
Discriminant Analysis are implemented and several financial ratios, based on the CAMEL 
rating system, are tested in order to examine whether they can provide early warning 
signals regarding bank failure. 
At the beginning of the 21st Century, the international financial market was considered 
to have an unrealistic economic growth, starting from the American contagion, through 
the subprime loans, and expanding to the European economy (Cosma, 2013). Financial 
institutions had no restrictions on executing their own strategies for loans and 
establishing their own risk levels. According to Cosma (2013), the transfer of mortgage 
loan packages from investment funds to investors, led to the inability of reimbursement 
by the debtors. The failure of debtors to pay off their loans, combined with the 
overvaluation of real estate properties, created inefficient bank guarantees. As a result, 
a huge amount of losses was realized by both investors and banks, leading to the 
generalization of the crisis worldwide.  
Having a look at the causes of the Great Depression in the 1930s and its devastating 
effects in several cities all around the world, it can be easily assumed, that the current 
banking system committed similar mistakes. Just like in the case of the Great 
Depression, a big number of banks went bankrupt in the late 2000s and the lack of trust 
in the banking system was more evident than ever, resulting to low levels of liquidity for 
financial institutions. 
The weaknesses and loopholes of the Basel II Accord were identified a lot of years prior 
to financial crisis, by several authors. Among them, Rodriguez (2002) had expressed his 
concern whether the new framework could guarantee the safety and soundness of the 
international banking system. As it turned out, the global financial crisis reinforced the 
pre-existing belief in the weaknesses of the Basel II Accord (Moosa, 2010). According to 
the same study, Basel II only dealt with commercial banks, when the extreme leverage 
of hedge funds and faulty risk management of investment banks, was also a major 
contributor to the crisis. 
In response to the deficiencies of financial regulation, revealed by the financial crisis, 
Basel III Accord was developed by the Basel Committee on Banking Supervision. It was 
scheduled to be introduced from 2013 until 2015, but changes from 1 April 2013 
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extended implementation until 31 March 2018 and again extended to 31 March 2019 
(wikipedia).      
Until the full implementation of the Basel III Accord and since great pressure has been 
put not only in the US banking system but also in the Eurozone banking system, 
prediction of bankruptcy has become extremely important for banks. As a result, 
complementary to the global, regulatory framework of Basel III Accord, several different 
failure prediction models have been developed. However, all models have their 
particular strengths and weaknesses in empirical application. 
Theoretical models focus on the qualitative causes of a failure and they often employ a 
statistical technique to provide quantitative support to their theoretical argument. 
However, an analysis of a big sample of published empirical investigations by Aziz and 
Dar, in 2006, indicated that the use of these models is quite uncommon. On the other 
hand, statistical techniques, such as Altman’s Z-Score and Zeta Scores, in general, have 
been implemented in various studies since the 1960s, but according to Jordan et al. 
(2012), they are oriented towards industrial companies and not financial institutions. 
Neural network methodologies, which are the most commonly used intelligence 
modeling techniques, seem to be quite complicated and require a mapping of inputs to 
outputs, using layers and neurons to create a “complex learned algorithm (Jordan et al., 
2012). On the other hand, both Logistic Regression Analysis and Multiple Discriminant 
Analysis, which are oriented towards financial institutions, are easy to understand and 
can be used by anyone. Besides, the implementation of a CAMEL rating system in order 
to evaluate bank Capital, Asset Quality, Management Capability, Earnings and Liquidity, 
also contributes to the monitoring of risky or troubled banks. 
In this paper, we create a dataset of 32 Eurozone banks which failed or merged during 
the period 2008-2015, matched according to the size of total assets, with 32 Eurozone 
banks which have not failed during the same period. This dataset is downloaded from 
Bankscope Database and it is split into two groups. The training group (approximately 
2/3 of the sample data) for the period 2008-2012 and the validation group 
(approximately 1/3 of the sample data) for the period 2013-2015. Logistic Regression 
Analysis and Multiple Discriminant Analysis are implemented in both the training and 
the validation group for one, two and three years prior to failure with the use of 
financial ratios, based on the CAMEL rating system. As a result, prediction rates, Type I 
and Type II errors are calculated for each analysis indicating the level of robustness of 
the results. 
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When yearly data for one year prior to failure were used, Logistic Regression predicted 
correctly 82.81% of the failed and healthy banks, compared to 81.25% for the Multiple 
Discriminant Analysis. On the other hand, when yearly data for two and three years 
prior to failure were used, MDA predicted correctly 73.44% and 64.06% of the banks 
respectively, compared to 71.88% and 59.38% for the logit model.   
The development of such models, based on publicly available data through the 
Bankscope Database, is very helpful for investment firms and financial analysts. It can 
also provide significant value to depositors and creditors who experience a financial loss 
in the case of a bank failure. In addition to that, it could potentially contribute to the 
identification of weak and strong banks for rating agencies and it can definitely help 
supervisors ensure the soundness and safety of financial institutions.  
The structure of the study is as follows: Section 2 provides a review of the relevant 
academic literature; methodology is presented in section 3; section 4 provides a data 
analysis and a discussion of the empirical results; summary and conclusions are 
presented in section 5. 
 
 
2. LITERATURE REVIEW 
Predicting the default risk for banks and companies is classic but also a timely issue. 
Over the years, a lot of authors have attempted to predict either corporate or bank 
failure through various methodologies. 
In 1966, Beaver used a dichotomous classification test to determine the error rates 
experienced by a potential creditor, provided that he classifies firms on the basis of their 
financial ratios as failed or non-failed. Specifically, 78% of the sample of the firms was 
accurately classified five years prior to failure (Deakin, 1972). 
The most well known methodology is Altman’s multiple discriminant analysis of 33 
bankrupt and 33 non-bankrupt publicly held manufacturing corporations, based on the 
following five variables: 
               
            
, 
                 
            
, 
    
            
, 
                      
                        
, 
     
            
. Investigation of the individual ratio movements prior 
to bankruptcy corroborated the model’s findings that bankruptcy can be accurately 
predicted up to two years prior to actual failure with the accuracy diminishing rapidly 
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after the second year (Altman, 1968). Although Beaver’s empirical results suggest that 
his method has greater predictive ability, the method used by Altman has more intuitive 
appeal (Deakin, 1972). 
Deakin also applied discriminant analysis in 1972, predicting business failure from 
accounting data as far as three years in advance with a fairly high accuracy. 
Altman, Haldeman and Narayanan created a new bankruptcy classification model in 
1977, using the following variables: Return on assets, Stability of earnings, Debt service, 
Cumulative Profitability, Liquidity, Capitalization and Size, measured by the firm’s total 
assets. The model’s bankruptcy classification accuracy ranged from over 96 (93% 
holdout) percent one period prior to bankruptcy to 70% five annual reporting periods 
prior.  
In 1983, Taffler developed a UK-based z-score model, using the following variables: 
                 
                   
, 
              
                 
, 
                   
            
 and  
no-credit interval = 
                                
                         
 (with the denominator proxied by 
                      
   
). Twenty five years later, in 2007, a study of Agarwal and Taffler 
evaluated this specific model, indicating that it has a clear predictive ability over this 
extended time period and that it dominates more naive prediction approaches.   
 
In more recent studies, Jesswein (2009) examined the “Texas” ratio, which focuses 
solely on the credit troubles being experienced by banks. The ratio is calculated as 
follows: “Texas” Ratio = 
                            
                                                  
, where non-
performing assets are non-performing loans plus foreclosed property, or other real 
estate owned. The author argued that the ratio is based on readily available data, it 
involves only simple calculations and provides straightforward output. However, despite 
its simplicity and the important insights offered, it may not be sufficient as a general, all-
purpose tool. 
In 2012, Jordan et al. performed regression and discriminant analysis to a dataset of 225 
matched pairs of failed and non-failed banks between February 2, 2007 and April 23, 
2010 for one year, two years, three years and four years prior to bank failure to 
determine whether the failure could have been predicted. Their model was statistically 
significant at the 1% level and predicted bank failures with 88.2% accuracy one year 
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prior to failure, 78.6% two years prior to failure, 71.4% three years prior to failure and 
66% four years prior to failure. 
In extension to the multivariate function, elaborated by Altman in 1968, Celli (2015) 
discriminated between failed and non-failed companies quoted on Italian Stock Market. 
The degree of reliability of Z-Score was found to be relatively high and still works quite 
adequately in predicting listed industrial company failure in Italy up to three years 
before failure. 
 
Intelligence modeling techniques have also been used in several studies in order to 
predict bank or corporate failures. Among them, Neural Networks is the most widely 
used. Ozkan-Gunay E. and Ozkan M. implemented a non-linear Artificial Neural Network 
(ANN) in 2007, in order to analyze 36 healthy and 23 bankrupt Turkish banks. The results 
pointed out that seventy six percent of the failed banks were correctly indicated and 
ninety percent of the healthy banks were correctly indicated. 
Yim and Mitchell (2007) investigated whether hybrid artificial neural networks can 
outperform traditional statistical models and ordinary ANNs, in predicting Australian 
firm failures one year and two years prior to the financial distress. The results showed 
that the hybrid neural network which used the same variables as the logit, and the 
probability of DA model as an input, was the best model one year prior to failure, but for 
two years prior to failure the accuracy of the model was not good. 
Charitou et al. (2004) employed neural networks and logit methodology to a dataset of 
51 matched pairs of failed and not failed UK public industrial firms over the period 1988-
97. The results indicated that a parsimonious model which includes three financial 
variables, i.e. a cash flow, a profitability and a financial leverage variable, yielded an 
overall correct classification of 83% one year prior to failure. 
 
In addition to the aforementioned methodologies, comparison of techniques has also 
been analyzed in several studies. Notably, among the statistical techniques analyzing 
and predicting bank or corporate failures, Multiple Discriminant Analysis is the most 
popular and most widely used in the UK (Charitou et al., 2004) but also worldwide 
(Karels and Prakash, 1987). According to the two aforementioned studies, although 
MDA models provide high classification accuracy, they are based on certain assumptions 
that are often violated. The first assumption is that the independent variables are 
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multivariate normal and the second assumption is that the covariance matrices of the 
two groups (healthy and failed companies or banks) are equivalent. 
Aziz and Dar provided, in 2006, a comparison between three different approaches 
towards bankruptcy prediction. Their analysis was based on a sample of 89 published 
empirical investigations and it was grouped in three broad categories: statistical models, 
AIES models and theoretical models. Their review showed that statistical techniques, 
especially Logit and MDA models, had been most frequently used in their sample of 89 
investigations. In a relatively large number of these studies, the aforementioned models 
achieved consistently high predictive accuracy and low Type I and Type II errors, 
compared to AIES and theoretical models. The two authors concluded, stating that MDA 
and Logit models may provide overall the most reliable methods of bankruptcy 
prediction.  
In another study of Davis and Karim (2008), the logit and signal extraction EWS for 
banking crises, were assessed, on a comprehensive dataset. It was suggested that logit is 
the most appropriate approach for global EWS and signal extraction for country-specific 
EWS. 
 
The use of financial ratios, based on the CAMEL rating system is indicated by several 
prior studies. Poghosyan and Cihak mentioned in 2009, that there is a broad agreement 
not only in the literature but also among practitioners, regarding the usefulness of 
CAMEL indicators in grading banks’ financial vulnerability. Supervisors assess soundness 
of banks, by combining these indicators, but there is no clear agreement in the literature 
about the way that these indicators must be combined. In addition to that, the two 
authors stated that these measures are rarely “back tested” on actual distress 
situations. 
In 1985, the financial and operating characteristics of banks were described and 
measured by West, using the Logit Model alongside factor analysis. Examining 1,900 
U.S. commercial banks, he stated that the factors identified by the Logit model, as 
important descriptive variables for the banks’ operations, are similar to those used for 
CAMELS ratings (Demyanyk and Hasan, 2009).  
According to the same authors (Demyanyk and Hasan, 2009), regulators in the United 
States must conduct on-site examinations of bank risk every 12-18 months, which is 
indicated by the Federal Deposit Insurance Corporation Improvement Act of 1991. The 
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CAMELS rating system is used for these examinations in order to indicate the safety and 
soundness of banks. 
 
Taking into consideration the literature described in this section, alongside the 
corresponding reviews and conclusions drawn by them, the two commonly used 
statistical methods of Logistic Regression Analysis and Multiple Discriminant Analysis 
will be implemented in Section 4 of the study, based on a sample of Eurozone banks and 
followed by their validation methods. Consequently, the prediction accuracy alongside 
the Type I and Type II errors of both methods will be estimated. Subsequently, a 
comparison between the two analyses is going to be conducted, indicating whether we 
can derive safe conclusions about the superiority of one method over the other. 
Based also on prior studies, indicating the CAMEL rating system as the appropriate one 
for the selection of the explanatory variables, we are going to define, in Section 3 of this 
study, the corresponding financial ratios of the following bank performance indicators: 
Capital adequacy, Asset quality, Management capability, Earnings and Liquidity. 
 
 
3. METHODOLOGY 
This section analyzes the following: a) sample data, b) selection of the financial ratios, c) 
description of the application of Logistic Regression Analysis and d) description of the 
application of Multiple Discriminant Analysis. 
 
3.1. Sample Data 
At first, we selected 32 failed banks over the period 2008-2015. The failed sample group 
was comprised by banks having the following status, i.e. bankruptcy, liquidation, 
dissolving or merger. Subsequently, an equal number of healthy banks was selected, 
matched according to the size of total assets. The 32 matched pairs of failed and non-
failed banks were downloaded from the Bankscope database web site: 
 https://bankscope.bvdinfo.com/version-201689/Login.serv?product=scope2006 
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Table 1 presents the list of the 64 failed and non-failed banks over the period 2008-
2015, matched according to the size of total assets (in descending order). 
Table 1. List of failed and non-failed Eurozone banks over the period 2008-2015 
(matched according to the size of total assets) 
FAILED BANKS NON-FAILED BANKS 
Bank Name 
Total Assets 
mil USD Bank Name 
Total Assets 
mil USD 
Groupe Caisse 
d'Epargne 
904,260 ING Bank NV 912,932 
Dresdner Bank AG 585,848 Commerzbank AG 579,903 
Fortis Bank 
(Nederland) N.V. 
273,402 Crédit Industriel et 
Commercial SA - 
CIC 
276,512 
UniCredit Corporate 
Banking SpA 
146,853 Crédit Foncier de 
France SA 
146,404 
Banco Espanol de 
Crédito SA, BANESTO 
135,137 Bank of Ireland-
Governor and 
Company of the 
Bank of Ireland 
142,580 
UniCredit Banca 111,289 Banco Espirito 
Santo SA 
111,168 
Banca Cívica SA 92,932 Caixa Geral de 
Depositos 
109,855 
Caja de Ahorros de 
Cataluña-Caixa 
d'Estalvis de 
Catalunya 
91,693 Piraeus Bank SA 95,295 
UniCredit Banca di 
Roma S.p.A. (old) 
90,345 Banca Nazionale 
del Lavoro SpA 
84,371 
Banca Antonveneta 
SpA-Antonveneta 
SpA 
74,685 Eurobank Ergasias 
SA 
80,079 
Banca Infrastrutture 
Innovazione e 
Sviluppo SpA-BIIS 
SpA 
73,134 Alpha Bank AE 75,445 
Banca Popolare di 
Verona-S Geminiano 
E S Prospero SpA 
39,670 Credito Emiliano 
SpA-CREDEM 
40,779 
Banco Pastor SA 39,301 Bank für Arbeit 
und Wirtschaft und 
Österreichische 
Postsparkasse 
Aktiengesellschaft-
BAWAG P.S.K. AG 
38,666 
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Banco Grupo 
Cajatres SA-Caja 3 
28,528 Sparkasse 
KölnBonn 
28,863 
Banco de Valencia SA 28,369 UniCredit 
Luxembourg SA 
27,664 
Emporiki Bank of 
Greece SA 
25,752 AIB Mortgage Bank 25,400 
Banco di Sicilia SpA - 
BdS 
21,788 Caixa Economica 
Montepio Geral 
23,021 
Banca Agricola 
Mantovana SpA 
19,658 FinecoBank Banca 
FinEco SpA-Banca 
FinEco SpA 
19,954 
Banco de Andalucia 
SA 
19,042 Banque Palatine 
SA 
18,900 
Credito Bergamasco 18,370 Stadtsparkasse 
München 
18,585 
Irish Nationwide 
Building Society 
16,210 Cassa di Risparmio 
del Veneto SpA 
16,296 
Kommunalkredit 
Austria AG 
15,287 Slovenska 
sporitel'na as-
Slovak Savings 
Bank 
15,220 
Credito Artigiano 12,394 Nassauische 
Sparkasse 
12,282 
Erste Europaische 
Pfandbrief und 
Kommunalkreditbank 
AG 
7,327 Swedbank AB 7,259 
Sachsen LB Europe 
Plc 
6,944 BHF-Bank AG 6,918 
DAB Bank AG 6,710 Nord-Ostsee 
Sparkasse 
6,752 
Bancaperta SpA 6,604 Bausparkasse 
Wuestenrot 
6,637 
Proton Bank S.A. 5,686 SEB Pank 5,698 
Société Générale 
Bank Nederland N.V. 
4,376 Landes 
Hypothekenbank 
Steiermark AG 
4,382 
IW Bank SpA 3,983 Attica Bank SA-
Bank of Attica SA 
3,995 
Kaupthing Bank 
Luxembourg SA 
3,408 Banque Accord SA 3,407 
Hypo Tirol Bank 
Italia SpA 
1,274 Kreissparkasse 
Nordhausen 
1,278 
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The failed and non-failed banks are located in the following countries of the Euro Area 
(Table 2). 
Table 2. Location of failed and non-failed Eurozone banks 
COUNTRY  ALL BANKS FAILED BANKS NON-FAILED BANKS 
Austria 4 1 3 
Estonia 1 0 1 
France 5 1 4 
Germany 9 2 7 
Greece 6 2 4 
Ireland 4 2 2 
Italy 17 13 4 
Lithuania 1 0 1 
Luxembourg 3 2 1 
Netherlands 3 2 1 
Portugal 3 0 3 
Slovakia 1 0 1 
Spain 7 7 0 
TOTAL 64 32 32 
 
The size characteristics, of the whole sample of failed and non-failed banks, are 
presented in Table 3. 
Table 3. Size characteristics of failed and non-failed banks 
TOTAL ASSETS ($) ALL BANKS FAILED BANKS NON-FAILED BANKS 
Over 150,000 6 3 3 
125,000 to 149,999 4 2 2 
100,000 to 124,999 3 1 2 
75,000 to 99,999 7 3 4 
50,000 to 74,999 2 2 0 
25,000 to 49,999 10 5 5 
Under 25,000 32 16 16 
TOTAL 64 32 32 
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The banks selected are classified as Commercial, Savings and Real estate & mortgage. 
The bank class characteristics are presented in Table 4. 
Table 4. Bank class characteristics of failed and non-failed banks 
BANK CLASS ALL BANKS FAILED BANKS NON-FAILED BANKS 
Commercial banks 44 26 20 
Savings banks 12 4 8 
Real Estate & Mortgage banks 6 2 4 
TOTAL 64 32 32 
 
The whole sample of 32 matched pairs of failed and non-failed banks is split into two 
groups: the training and the validation group. The training group includes approximately 
2/3 of the matched pairs of banks, using the earliest years and the validation group 
includes the rest 1/3 of the matched pairs, using the latest years. In other words, the 
failed banks during the period 2008-2012, matched with their corresponding healthy 
banks according to the “total assets” size, comprise the training group, whereas the 
failed banks during the period 2013-2015, matched with their corresponding healthy 
banks according to the “total assets” size, comprise the validation group. 
 
3.2. Selection of the financial ratios 
For each selected failed and non-failed bank, the financial ratios, i.e. the predictor 
variables, were downloaded from Bankscope database web site and they cover the 
period from 2005 until 2015, which means that there are data for full three years prior 
to failure, for every bank. 
The financial ratios are based on the CAMEL Rating System which is a recognized 
international rating system, used by banking supervisory authorities in order to classify 
financial institutions (investopedia). Ratings are assigned based on a ratio analysis of 
financial statements and on-site examinations. CAMEL is the abbreviation of five bank 
performance indicators, namely: Capital adequacy, Asset quality, Management 
capability, Earnings and Liquidity. In the undermentioned paragraphs, these bank 
performance indicators are going to be analyzed, followed by the selection of the 
corresponding financial ratios for each one of them. It is worth mentioning that the 
financial ratios were selected according to three criteria: a) they have been proved to be 
Predicting Failure of Eurozone Banks using Logistic Regression and Multiple Discriminant Analysis: 
Evidence from 2008 to 2015 
 
 
12 
 
successful in prior studies, b) they are required by the Basel Accord, c) the availability of 
data in the Bankscope database web site. 
Capital adequacy: It is determined, based on a qualitative evaluation of critical variables 
related to the financial condition of an institution. The impact of interest rate, 
compliance, liquidity, credit, strategic, reputation and transaction risks on the financial 
institution’s current and future capital position, is examined by the banking supervisory 
authorities. As a result, they create an assessment of the strength of the institution’s 
capital position over the next years. Capital is a critical element of a financial 
institution’s risk management programme and if an institution is evaluated as 
“undercapitalized”, it must operate under an approved net worth restoration plan 
(wikipedia). Risk-weighted ratios, such as Capital Adequacy Ratio (CAR), are appropriate 
measures of banks’ capital adequacy, according to Basel Accord. On the other hand, 
there are studies in the banking literature in favor of the simple unweighted ratio 
      
            
. For example, the study of Poghosyan and Cihak, in 2009, claimed that the 
weights used to calculate the risk weighted assets in CAR can be relatively arbitrary. In 
addition to that, the studies of Charitou et al. in 2004, and Platt H. D. and Platt M. B. in 
2006, have also indicated the financial ratios of 
      
            
 and  
         
            
, as good 
predictors of failure. 
Asset Quality: Since a big part of a financial institution’s assets are loans, asset quality 
evaluates the quality of loans, which reflect the earnings of the institution.  It involves 
examining the effect of fair value of investments on a financial institution, compared 
with the book value of investments. It assesses the efficiency of an institution’s 
investment policies and practices and it shows the stability of a bank when faced with 
particular risks, by rating investment risk factors and comparing them to the bank’s 
capital earnings. Based on the available data of Bankscope database web site and on the 
study of Poghosyan and Cihak (2009), the financial ratios tested will be Net Interest 
Margin and  
                    
           
 respectively.  
Management Capability: It shows the management’s capability to comply with the 
necessary regulations and laws and to ensure the safe operation of the financial 
institution. It is both the Board of Directors and the management’s ability to identify, 
monitor and control the risks of the institution’s daily activities (wikipedia). In other 
words, it determines whether an institution is able to react properly to financial stress 
(investopedia). The financial ratios tested, will be 
    
      
 and  
                
                   
. 
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Earnings: It is crucial for a financial institution to earn an appropriate return on its assets 
in order to remain competitive, fund expansion and increase capital. Banking 
supervisory authorities assess not only past and present performance, but mainly future 
performance through the long-run earnings ability of a financial institution to discount 
temporary fluctuations in income and one-time items (wikipedia). A research of several 
preceded studies has indicated that two of the most commonly tested profitability 
ratios are Return on Equity (ROE) and Return on Assets (ROA). 
Liquidity: A financial institution’s liquidity is assessed through the Asset/Liability 
Management (ALM). ALM is the process of evaluating, monitoring and controlling 
interest rate risk and liquidity risk. Banking supervisory authorities examine availability 
of assets easily convertible into cash, dependence on short-term volatile sources of 
fund, ALM technical competence and interest rate risk sensitivity and exposure 
(wikipedia). Ratios, such as Liquidity Coverage Ratio (over 30 or 90 days) and Net Stable 
Funding Ratio, are required according to Basel Accord, but since there was lack of data 
in the Bankscope database web site, we ended up testing 
             
            
 and LTD = 
           
             
. 
Concluding, eleven financial ratios will be tested in this study, representing the five 
CAMEL variables, in order to predict bankruptcy. These ratios are presented in Table 5 
alongside their definitions. 
Table 5. List of financial ratios tested (the ratios are broken down into their bank 
performance indicators; for each ratio, the variable name and definition are presented) 
Bank Performance Indicator Variable Name Variable Definition 
Capital adequacy 
EQTA Equity/Total Assets 
CAR Capital Adequacy Ratio 
TDTA Total Debt/Total Assets 
Asset quality 
LLPTL Loan Loss Provisions/Total Loans 
NIM Net Interest Margin 
Management capability 
COIN Cost/Income 
INEXNII Interest Expense/Net Interest Income 
Earnings 
ROE Return on Equity 
ROA Return on Assets 
Liquidity 
LATA Liquid Assets/Total Assets 
LTD Total Loans/Total Deposits 
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Statistical significance and overall correct classification percentage of the 
aforementioned financial ratios will be tested in Section 4.2, in order to determine 
which financial ratios will be used in the multivariate Logistic Regression Analysis and 
multivariate MDA.  
 
3.3. Description of the application of Logistic Regression Analysis 
Dielman (1996) states, that Logistic Regression Analysis utilizes the coefficients of the 
independent variables, to predict the probability of occurrence of a dichotomous 
dependent variable (Charitou et al., 2004). The form of the regression model is the 
following: y =                                        (1) 
where   
                   : independent variables, i.e. financial ratios of bank j at the end of 
year t 
  : constant 
          : slope coefficients 
In our case, the dichotomous dependent variable (y) is any bank of the sample, which 
takes the value of y=1 if it is failed and y=0 if it is healthy. As it was analyzed in Section 
3.2, the independent variables                    are the financial ratios of Table 5, 
which are based on the CAMEL rating system. Before using these ratios in our regression 
model, their statistical significance is tested through univariate logistic regression 
analysis, in order to select the variables with the best explanatory power for the 
multivariate model.  
Then, using the statistical software package of EViews, Logistic Regression Analysis is 
implemented for the total sample of failed and non-failed banks, in order to determine 
the relationship and strength of each independent variable to the failure status of each 
bank. The analysis is performed, inputting failed and matching non-failed bank data 
from the statistically significant financial ratios of the univariate logistic regression 
analysis. Data are analyzed not only for the whole period of three years prior to failure 
(summary model), but also specifically for one year prior to failure, two years prior to 
failure and three years prior to failure.  
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Then, logistic regression analysis is implemented again, using failed and non-failed data 
of the training sample, from all years, beginning one year prior to failure and extending 
back three years prior to failure. The result of this analysis, are the coefficients 
   ,   ,   , ….,    , so the model will have the following form: 
    =                                       (2).  
The estimation of our model is followed by its validation. In more detail, data derived 
from the validation group, are inputted in the independent variables of equation (2), so 
a    for each bank is computed. Then, the    of each bank is plugged into the following 
equation (3), in order to derive a probability of default for every bank and to classify it 
as either healthy or bankrupt. 
    = 
 
     
  = 
 
   
                              
       (3), where     is the 
probability of failure for bank j at the end of the year t. 
In other words, the Logit Model measures the relationship between the dichotomous 
explained variable and the explanatory variables by estimating probabilities.  
The classification of the banks is implemented, using a critical value of 0.5, which 
assumes an equal probability for each group of healthy and bankrupt banks. This 
decision was influenced by two important issues. The first reason was to achieve 
consistency between the training and the validation group. In addition to that, the use 
of the critical value to minimize the classification errors would have probably resulted in 
sample-specific results, overstating the power of the prediction models. (A. Charitou et 
al., 2004). 
Since the binary dependent variable, i.e. each bank of the sample was defined as y = 1 if 
it is failed and y = 0 if it is healthy, then we have the following outcomes for the 
probability of failure: If     > 0.5, then the bank has a greater chance to fail and if     < 
0.5, then the bank has a greater chance to survive. 
Finally, the misclassification errors (Type I error and Type II error) of the total group are 
computed. If     < 0.5 and the bank in our total group is defined as bankrupt, it is a Type 
I error, whereas if      > 0.5 and the bank in our total group is defined as healthy, it is a 
Type II error. It is more costly to misclassify a failed bank as non-failed (Type I error) 
than misclassifying a healthy bank as failed (Type II error), since a bank which is wrongly 
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predicted as healthy, will end up having a huge loss of capital by going bankrupt in the 
future. 
 
3.4. Description of the application of Multiple Discriminant Analysis 
Multiple Discriminant Analysis is a statistical technique, used to reduce the differences 
between variables, in order to classify them into a set number of broad groups 
(investopedia). Similar to the case of Logistic Regression Analysis in section 3.3, the form 
of the regression model is the following:  
y =                                        (4) 
where   
                   : independent variables, i.e. financial ratios of bank j at the end of 
year t 
  : constant 
          : slope coefficients 
The dependent variable is again defined as a dichotomous variable y, being equal to 1 if 
the bank is failed or equal to 0 if the bank is healthy. Before proceeding with the 
implementation of the Multiple Discriminant Analysis, the statistical significance of the 
financial ratios, used as independent variables in our regression model, is tested 
through univariate regression analysis, in order to select the variables with the best 
explanatory power for the multivariate model.  
Then, using EViews, OLS regression analysis is implemented for the total sample of failed 
and non-failed banks, in order to determine the relationship and strength of each 
independent variable to the failure status of each bank. The analysis is performed, 
inputting failed and matching non-failed bank data from the statistically significant 
financial ratios of the univariate regression analysis. Data are analyzed not only for the 
whole period of three years prior to failure (summary model), but also specifically for 
one year prior to failure, two years prior to failure and three years prior to failure.  
Then, the whole sample of failed and non-failed banks is split into the training and the 
validation group, as described before in Section 3.1. Inputting the failed and matching 
non-failed data of the training sample into equation (4), Multiple Discriminant Analysis 
is conducted, for all years, beginning one year prior to failure and extending back three 
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years prior to failure. The result of this analysis, are the coefficients   ,    ,   , ….,    , so 
the model will have the following form: 
    =                                        (5).  
 
Subsequently, as in the case of logistic regression analysis, the discriminant formula is 
tested, inputting the failed and matching non-failed data of the validation group into the 
independent variables of equation (5), so a    for each bank is computed. As a result, we 
proceed with the classification of the banks, which is conducted according to the cut-off 
point, presented in the study of Papadopoulos (2014).  
Cut-off point = 
                                                                                                                 
                  
  
A bank above this point is classified as unstable or failed, whereas a bank below the cut-
off point is classified as safe or non-failed. 
The implementation of the Multiple Discriminant Analysis is completed with the 
computation of the Type I and Type II errors of the model one year, two years and three 
years prior to failure. In our case, Type I error is for a bank to be defined as healthy, 
while    > (cut-off point) and Type II error is for a bank to be defined as bankrupt, while  
   < (cut-off point). As in the case of logistic regression analysis, the Type I error is more 
costly for a bank. 
 
  
4. DATA ANALYSIS AND DISCUSSION 
This section analyzes the following: a) descriptive statistics, b) univariate analysis, c) 
implementation of the multivariate Logistic Regression Analysis, d) implementation of 
the Multiple Discriminant Analysis and e) comparative results of multivariate Logistic 
Regression Analysis and Multiple Discriminant Analysis 
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4.1. Descriptive Statistics 
An important initial step is, to identify any possible differences between the groups of 
failed and healthy banks. As a result, several descriptive statistics (i.e. mean, median, 
maximum, minimum and standard deviation) were calculated using the EViews 
statistical software package. Tables 6 and 7 represent the descriptive statistics of failed 
and non-failed banks respectively, over the three-year period prior to failure event. 
 
 
Table 6. Descriptive statistics of failed banks 
1 year prior to failure 
  EQTA CAR TDTA LLPTL NIM COIN  INEXNII ROE ROA LATA LTD 
Mean 0.047 16.134 0.950 0.815 0.014 3.358 0.689 -0.476 -2.165 0.219 0.819 
Median 0.047 12.845 0.950 0.012 0.015 1.206 0.629 0.016 0.075 0.162 0.939 
Maximum 0.109 56.280 1.049 24.696 0.032 22.678 2.717 0.439 1.160 0.782 1.585 
Minimum -0.049 3.350 0.890 0.000 0.001 0.199 0.062 -4.942 -25.870 0.009 0.021 
Std. Dev. 0.036 11.186 0.037 4.359 0.008 5.004 0.488 1.218 5.799 0.221 0.464 
2 years prior to failure 
  EQTA CAR TDTA LLPTL NIM COIN  INEXNII ROE ROA LATA LTD 
Mean 0.053 13.356 0.945 0.443 0.014 6.213 0.550 -0.191 -1.358 0.200 0.870 
Median 0.051 11.395 0.948 0.006 0.015 1.074 0.623 0.045 0.260 0.129 1.016 
Maximum 0.109 30.550 0.994 13.821 0.033 196.273 0.897 0.505 1.580 0.852 1.597 
Minimum 0.006 1.230 0.891 -0.192 0.000 -75.643 0.060 -1.959 -17.930 0.009 0.001 
Std. Dev. 0.029 6.147 0.028 2.442 0.009 37.461 0.239 0.620 4.042 0.209 0.460 
3 years prior to failure 
  EQTA CAR TDTA LLPTL NIM COIN  INEXNII ROE ROA LATA LTD 
Mean 0.059 12.701 0.940 0.306 0.017 3.394 0.546 0.078 0.185 0.211 0.925 
Median 0.058 11.400 0.942 0.006 0.016 1.233 0.578 0.086 0.355 0.169 0.945 
Maximum 0.136 30.890 0.994 9.439 0.037 17.881 1.429 0.711 1.520 0.978 1.571 
Minimum 0.007 7.370 0.864 0.000 0.002 0.445 0.032 -0.598 -3.170 0.009 0.001 
Std. Dev. 0.028 4.543 0.028 1.667 0.010 4.977 0.256 0.200 1.074 0.206 0.432 
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Table 7. Descriptive statistics of non-failed banks 
1 year prior to failure 
  EQTA CAR TDTA LLPTL NIM COIN  INEXNII ROE ROA LATA LTD 
Mean 0.064 13.063 0.941 0.115 0.020 1.714 0.632 0.016 0.142 0.137 1.026 
Median 0.064 11.675 0.935 0.006 0.018 1.204 0.640 0.045 0.265 0.134 0.890 
Maximum 0.169 22.540 1.125 3.431 0.078 9.229 0.960 0.189 2.030 0.458 4.024 
Minimum 0.021 7.650 0.831 -0.004 0.007 0.141 0.146 -0.983 -6.050 0.022 0.180 
Std. Dev. 0.031 4.160 0.045 0.605 0.013 1.776 0.168 0.209 1.329 0.094 0.651 
2 years prior to failure 
  EQTA CAR TDTA LLPTL NIM COIN  INEXNII ROE ROA LATA LTD 
Mean 0.063 12.714 0.938 0.110 0.020 2.372 0.666 0.019 0.199 0.153 1.027 
Median 0.061 11.540 0.934 0.006 0.018 1.471 0.665 0.061 0.295 0.136 0.903 
Maximum 0.149 25.220 1.081 3.274 0.073 15.827 1.647 0.229 1.910 0.439 3.951 
Minimum 0.019 8.900 0.851 -0.019 0.005 0.161 0.129 -1.104 -2.820 0.031 0.174 
Std. Dev. 0.028 3.806 0.037 0.577 0.013 3.056 0.241 0.237 0.999 0.092 0.633 
3 years prior to failure 
  EQTA CAR TDTA LLPTL NIM COIN  INEXNII ROE ROA LATA LTD 
Mean 0.058 12.373 0.938 0.117 0.020 -29.366 0.738 0.031 0.373 0.179 1.026 
Median 0.057 12.085 0.944 0.006 0.018 1.292 0.652 0.088 0.420 0.168 0.868 
Maximum 0.130 22.300 1.111 3.590 0.079 10.255 3.224 0.267 3.060 0.451 3.962 
Minimum 0.011 4.800 0.675 -0.038 0.000 -999.20 0.210 -1.022 -4.500 0.037 0.196 
Std. Dev. 0.027 3.557 0.062 0.634 0.014 176.984 0.525 0.251 1.202 0.111 0.679 
 
First of all, comparing the two tables, we can conclude that there are some differences 
between the descriptive statistics of failed and non-failed banks. In more detail, 
regarding the group of failed banks, it can be observed that the mean, median and 
standard deviation of the ratios TDTA (Total Debt/Total Assets) and LLPTL (Loan Loss 
Provisions/ Total Loans), have an upward trend as the year of failure approaches.  
On the other hand, using the same three-year period for the non-failed banks, the 
descriptive statistics of TDTA and LLPTL do not have any specific pattern. The same 
relationship also applies to the mean, median and standard deviation of NIM (Net 
Interest Margin), which have a decreasing trend in the group of failed banks, whereas 
there is no specific pattern in the group of healthy banks.  
Comparing the ratio EQTA (Equity/Total Assets) of the two groups of banks, the failed 
banks have a mean and median with a downward trend, while there is an upward trend 
in the same statistics of non-failed banks. Regarding LATA (Liquid Assets/Total Assets), 
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the mean and median follow no specific pattern in the group of failed banks, in contrast 
with the group of healthy banks, where the mean and median of LATA have a decreasing 
trend. 
Apart from the aforementioned differences, it is worth mentioning, that the same 
pattern, for both groups of failed and healthy banks can be observed, in the mean and 
median of ROE and ROA, which have a downward trend as we move towards the failure 
event. In addition to that, the mean and standard deviation of CAR have an increasing 
trend for both failed and non-failed banks, while the mean and median of COIN 
(Cost/Income) follow no specific pattern for both groups. 
 
4.2. Univariate Analysis 
In this section, the predictive ability of the individual variables will be evaluated, 
implementing univariate logit analysis and univariate regression analysis respectively. 
Data of the last year prior to failure for the failed banks and the corresponding financial 
data for the healthy banks will be used, in both methods. Tables 8 and 9 represent the 
results of the univariate logit analysis and univariate regression analysis respectively, i.e. 
the beta coefficient of each ratio, alongside its corresponding p-value and overall 
correct classification percentage. 
Table 8. Univariate logit analysis results (The ratio name, the beta coefficient and its 
respective p-value along with the overall correct classification percentage are presented for 
each ratio; variable definitions are presented in Table 5) 
Bank Performance Indicator Variable Name Coefficient p-value 
Overall Correct 
Classification 
Capital adequacy 
EQTA -16.40242 0.0496 81.82% 
CAR 0.050012 0.1731 72.73% 
TDTA 5.827597 0.3643 86.36% 
Asset quality 
LLPTL 0.11371 0.493 68.18% 
NIM -62.95579 0.0479 81.82% 
Management capability 
COIN 0.153359 0.1226 77.27% 
INEXNII 0.452646 0.5387 63.64% 
Earnings 
ROE -1.553697 0.0958 72.73% 
ROA -0.175401 0.0697 72.73% 
Liquidity 
LATA 3.191154 0.0765 72.73% 
LTD -0.770746 0.1715 59.09% 
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Table 9. Univariate regression analysis results (The ratio name, the beta coefficient and its 
respective p-value along with the overall correct classification percentage are presented for 
each ratio; variable definitions are presented in Table 5) 
Bank Performance Indicator Variable Name Coefficient p-value 
Overall Correct 
Classification 
Capital adequacy 
EQTA -3.730906 0.0417 81.82% 
CAR 0.010758 0.1506 72.73% 
TDTA 1.407254 0.3644 86.36% 
Asset quality 
LLPTL 0.018397 0.3721 68.18% 
NIM -11.65537 0.0367 77.27% 
Management capability 
COIN 0.028667 0.0849 72.73% 
INEXNII 0.108771 0.5383 63.64% 
Earnings 
ROE -0.153756 0.0279 77.27% 
ROA -0.031225 0.032 68.18% 
Liquidity 
LATA 0.690319 0.0587 68.18% 
LTD -0.161169 0.1492 59.09% 
 
The predictive ability of the financial ratios is examined, mainly through the statistical 
significance, but also through the overall correct classification. Statistical significance is 
the likelihood that a relationship, between the dependent dichotomous variable y and 
each independent variable selected in Section 3.2, is caused by something other than 
random chance. Before proceeding into more detail, it is worth mentioning that similar 
conclusions are derived from both methodologies.  
Examining the bank performance indicator of Capital adequacy, we observe that the 
financial ratio of EQTA (Equity/Total Assets) provides the second highest correct 
classification percentage, but since it is the only statistically significant variable at the 
5% confidence level, regarding both analyses, it seems to be the most appropriate ratio 
of the first indicator.    
Between the two ratios of the indicator Asset quality, the NIM (Net Interest Margin) has 
the highest correct classification percentage and it is the only statistically significant 
variable at the 5% confidence level. 
Regarding the indicator of Management capability, COIN (Cost/Income) provides a 
higher correct classification rate for both methodologies, but it is statistically significant 
at the 10% confidence level, only for univariate regression analysis. 
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Results indicate that both ROE (Return on Equity) and ROA (Return on Assets) can be 
used from the bank performance indicator of Earnings. Specifically, they are statistically 
significant at the 10% confidence level, when univariate logit analysis is implemented, 
and statistically significant at the 5% confidence level, when univariate regression 
analysis is implemented. Notably, both financial ratios have the same correct 
classification percentage in the univariate logit analysis. 
Regarding the last indicator of Liquidity, the ratio of LATA (Liquid Assets/Total Assets) 
provides a higher correct classification rate and it is the only statistically significant 
variable at the 10% confidence level, in both analyses. 
Coming to a conclusion, Table 10 summarizes the six financial ratios that will be used in 
the multivariate Logistic Regression Analysis and Multiple Discriminant Analysis, in 
Sections 4.3 and 4.4 respectively. As it was mentioned above, the explanatory variables 
are the same for both methodologies, since they are statistically significant, either at the 
5% or 10% confidence level, and they have a good univariate predictive ability. This 
suggests that the financial ratios of Table 10 have the potential to add significantly to 
the explanatory power of the multivariate models. 
 
Table 10. List of financial ratios used in the multivariate methods 
Bank Performance Indicator Variable Name Variable Definition 
Capital adequacy EQTA Equity/Total Assets 
Asset quality NIM Net Interest Margin 
Management capability COIN Cost/Income 
Earnings 
ROE Return on Equity 
ROA Return on Assets 
Liquidity LATA Liquid Assets/Total Assets 
 
However, there are some limitations in the implementation of the univariate analysis. A 
bigger sample size could provide safer and more robust results, regarding the statistical 
significance and the predictive ability of the financial ratios. It should also be stressed, 
that there may be more accurate statistical methodologies than the univariate analysis, 
such as forward selection and backward elimination methods. Nevertheless, univariate 
analysis is considered to be a useful tool for the identification of the potential predictor 
variables that will ultimately become part of the multivariate models.  
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4.3. Implementation of multivariate Logistic Regression Analysis 
The results of the multivariate Logistic Regression Analysis of the failure status (1=failed 
and 0=not failed) against the six independent variables noted in Section 4.2, are 
represented in Table 11, for the summary data and the three years prior to failure. 
Table 11. Logistic Regression Analysis on the whole group of failed and non-failed banks 
In each variable, top number is the coefficient and bottom number is the p-value 
* Indicates statistical significance at the 0.10 confidence level 
** Indicates statistical significance at the 0.05 confidence level 
*** Indicates statistical significance at the 0.01 confidence level 
Bank Performance Indicator Independent Variables Summary Model Yr-1 Model Yr-2 Model Yr-3 Model 
  
Intercept 
0.726719 0.128431 1.651253 1.498466 
  0.2254 0.9011 (0.0989)* 0.4399 
Capital adequacy Equity/Total Assets 
0.005759 -0.019429 -0.032212 0.305354 
0.9303 0.8598 0.8034 (0.0388)** 
Asset quality Net Interest Margin 
-0.160811 -0.347855 0.018817 0.095502 
0.3915 0.3603 0.9577 0.7927 
Management capability Cost/Income 
0.0115346 0.001024 0.036904 0.060223 
(0.0162)** 0.9053 (0.0238)** (0.0184)** 
Earnings 
Return on Equity 
0.002 -0.011005 0.014152 0.124897 
0.8259 0.399 0.5542 (0.07)* 
Return on Assets 
-0.425862 -0.136058 -0.782309 -3.369256 
(0.0451)** 0.5589 0.196 (0.0203)** 
Liquidity 
Liquid Assets/Total 
Assets 
2.559324 2.76892 4.000503 3.742651 
(0.031)** 0.1725 0.12 0.1281 
  
Capital adequacy: EQTA (Equity/Total Assets) is statistically significant at the 5% 
confidence level, only in the third year prior to failure. The positive coefficient of the 
ratio means that higher equity as a percentage of total assets results in a higher 
probability of bank failure. In other words, higher equity means lower liabilities as a 
percentage of total assets. However, since a bank’s liabilities are the customer’s 
deposits, a low number indicates a higher probability of failure.  
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Asset quality: NIM (Net Interest Margin) measures how successful are the investment 
decisions of a bank, compared to the expenses on the same investments. The negative 
coefficient of the ratio means that higher (investment returns – Interest expenses) as a 
percentage of average earning assets, result in lower probability of bank failure. NIM is 
not statistically significant, either for the summary model or in any year prior to failure, 
which can be an indication of the weak explanatory power of the ratio. 
Management capability: The COIN (Cost/Income) ratio is a particularly important 
financial measure in valuing banks, which gives investors a clear view of how efficiently 
a bank is being run. The positive coefficient of the ratio means that higher operating 
costs as a percentage of operating income result in a higher probability of bank failure. 
In contrast with NIM of the indicator “asset quality”, COIN seems to have a very good 
explanatory power for the failure status of a bank, since it is statistically significant at 
the 5% confidence level, not only for the summary model but also for all the years prior 
to failure, except the second.  
Earnings: At first glance, both ROE (Return on Equity) and ROA (Return on Assets) seem 
to be pretty similar, since they measure a bank’s ability to generate earnings from its 
investments. However, having a closer look at the two ratios, some key differences are 
revealed. Their major difference has to do with the liabilities of a bank. A bank taking on 
financial leverage, results in an increase on assets and a decrease on equity (according 
to the balance sheet fundamental equation: assets= liabilities + equity), so ROE is 
amplified compared to ROA. We can observe that ROA is better than ROE, in explaining 
the dependent variable of a bank’s failure status. ROA is statistically significant in both 
the summary model and three years prior to failure at the 5% confidence level, 
compared to ROE, which is statistically significant only in the third year prior to failure at 
the 10% confidence level. Concluding, although the two ratios are different, together 
they can provide a clear picture of a management’s effectiveness. 
Liquidity: LATA (Liquid Assets/Total Assets) is an important liquidity management tool. 
Notably, in a liquidity crisis, low liquid assets as a percentage of total assets can have a 
negative effect to a bank’s financial health and survival. LATA is a good explanatory 
variable for the summary model, being statistically significant at the 5% confidence 
level. However, it cannot explain effectively the status of a bank, in any specific year 
prior to failure, since it is not statistically significant at any significance level. 
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In order to create a function similar to that of equation (2) in Section 3.3, we run 
multivariate logistic regression analysis, inputting failed and non-failed data of the 
training group from all the years, beginning one year prior to failure and extending back 
three years prior to failure. The resultant logistic function is as follows:  
   = 0.3196 + 0.1652 EQTA -0.3777 NIM -0.0170 COIN -0.0683 ROE +0.7177 ROA 
+3.5969 LATA 
Proceeding with the steps described in the Section 3.3, the total sample of our banks is 
classified into failed and non-failed banks. More specifically, Table 12 represents the 
percentage of correctly predicted failed and healthy banks, alongside the 
misclassification errors (Type I and Type II Error) of Logistic Regression Analysis. The 
procedure is implemented in both the training and the validation group in order to 
derive the classification results of the total group. 
Table 12. Results of Logistic Regression Analysis 
Training Group Yr-1 Results Yr-2 Results Yr-3 Results 
Correctly predicted 85.71% 71.43% 59.52% 
Type I Error 4.76% 11.90% 19.05% 
Type II Error 9.52% 16.67% 21.43% 
  
  
  
Validation Group Yr-1 Results Yr-2 Results Yr-3 Results 
Correctly predicted 77.27% 72.73% 59.09% 
Type I Error 9.09% 9.09% 18.18% 
Type II Error 13.64% 18.18% 22.73% 
  
  
  
Total Group Yr-1 Results Yr-2 Results Yr-3 Results 
Correctly predicted 82.81% 71.88% 59.38% 
Type I Error 6.25% 10.94% 18.75% 
Type II Error 10.94% 17.19% 21.88% 
 
As it was expected, the predictive ability of the model is higher, when the banks’ 
probability of failure is examined one year prior to failure. The overall correct 
classification of the bank is 82.81% one year prior to failure, declining to 59.38% three 
years prior to failure.  
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On the other hand, we can observe that the misclassification errors decrease as we 
approach to the year of failure, with the only exception of the validation group. Notably, 
Type I Error of the validation group remains the same for both one and two years prior 
to failure, which is mainly due to the small size of this group.  
Finally, the Type I Error of all the groups is lower than its Type II Error, for the whole 
three year period. This is an indication of the good predictive ability of the model, since 
it is more costly to misclassify a failed bank as non-failed (Type I Error), than 
misclassifying a healthy bank as failed (Type II Error). 
 
4.4. Implementation of Multiple Discriminant Analysis 
The results of the multivariate OLS Regression Analysis of the failure status (1=failed and 
0=not failed) against the six independent variables noted in Section 4.2, are represented 
in Table 13, for the summary data and the three years prior to failure. 
Table 13. OLS Regression Analysis on the whole group of failed and non-failed banks 
In each variable, top number is the coefficient and bottom number is the p-value 
* Indicates statistical significance at the 0.10 confidence level 
** Indicates statistical significance at the 0.05 confidence level 
*** Indicates statistical significance at the 0.01 confidence level 
Bank Performance Indicator Independent Variables Summary Model Yr-1 Model Yr-2 Model Yr-3 Model 
  
Intercept 
0.63057 0.490817 0.82429 0.4584 
  (0.0000)*** (0.0267)** (0.0011)*** (0.0539)* 
Capital adequacy Equity/Total Assets 
-0.005279 -0.00834 -0.0206 0.036 
0.7075 0.7113 0.4145 (0.0954)* 
Asset quality Net Interest Margin 
-0.037461 -0.06218 -0.0091 -0.011 
0.3132 0.3239 0.8959 0.8716 
Management capability Cost/Income 
-0.002079 0.000654 0.0052 0.0035 
(0.0396)** 0.7015 (0.0464)** (0.0455)** 
Earnings 
Return on Equity 
0.000431 -0.0004 -0.0011 0.0105 
0.7488 0.8229 0.7045 (0.0401)** 
Return on Assets 
-0.041637 -0.02009 -0.0295 -0.299 
(0.091)* 0.579 0.5184 (0.0052)*** 
Liquidity 
Liquid Assets/Total 
Assets 
0.454706 0.504113 0.55474 0.5346 
(0.0528)* 0.2027 0.2079 0.2007 
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Similar conclusions to the Section 4.3 are derived, regarding the statistical significance 
of the independent variables in OLS regression analysis.  
Capital adequacy: EQTA (Equity/Total Assets) is statistically significant at the 10% 
confidence level, only in the third year prior to failure.  
Asset quality: NIM (Net Interest Margin) is not statistically significant, either for the 
summary model or in any year prior to failure, which can be an indication of the weak 
explanatory power of the ratio. 
Management capability: In contrast with NIM of the indicator “asset quality”, COIN 
(Cost/Income) seems to have a very good explanatory power for the failure status of a 
bank, since it is statistically significant at the 5% confidence level, not only for the 
summary model but also for all the years prior to failure, except the second.  
Earnings: We can observe that ROA (Return on Assets) is better than ROE (Return on 
Equity), in explaining the dependent variable of a bank’s failure status. ROA is 
statistically significant in both the summary model at the 10% confidence level and 
three years prior to failure at the 1% confidence level, compared to ROE which is 
statistically significant only in the third year prior to failure at the 5% confidence level.  
Liquidity: LATA (Liquid Assets/Total Assets) is a good explanatory variable for the 
summary model, being statistically significant at the 10% confidence level. However, it 
cannot explain effectively the status of a bank, in any specific year prior to failure, since 
it is not statistically significant at any significance level. 
 
In order to create a function similar to that of equation (5) in Section 3.4, we run 
multivariate discriminant analysis, inputting failed and non-failed data of the training 
group from all the years, beginning one year prior to failure and extending back three 
years prior to failure. The resultant regression function is as follows:  
   = 0.4089 + 0.0411 EQTA -0.0746 NIM -0.0020 COIN -0.0032 ROE +0.0304 ROA 
+0.6470 LATA 
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Then, the total sample of our banks is classified into failed and non-failed by proceeding 
with the steps cited in the Section 3.4. More specifically, Table 14 represents the 
percentage of correctly predicted failed and healthy banks, alongside the 
misclassification errors (Type I and Type II Error) of Multiple Discriminant Analysis. The 
procedure is implemented in both the training and the validation group in order to 
derive the classification results of the total group. 
Table 14. Results of Multiple Discriminant Analysis 
Training Group Yr-1 Results Yr-2 Results Yr-3 Results 
Correctly predicted 80.95% 76.19% 64.29% 
Type I Error 7.14% 9.52% 14.29% 
Type II Error 11.90% 14.29% 21.43% 
  
  
  
Validation Group Yr-1 Results Yr-2 Results Yr-3 Results 
Correctly predicted 81.82% 68.18% 63.64% 
Type I Error 9.09% 13.64% 13.64% 
Type II Error 9.09% 18.18% 22.73% 
  
  
  
Total Group Yr-1 Results Yr-2 Results Yr-3 Results 
Correctly predicted 81.25% 73.44% 64.06% 
Type I Error 7.81% 10.94% 14.06% 
Type II Error 10.94% 15.63% 21.88% 
 
Similar to the case of Logistic Regression Analysis, the predictive ability of the model is 
higher, when the banks’ probability of failure is examined one year prior to failure. The 
overall correct classification of the bank is 81.25% one year prior to failure, declining to 
64.06% three years prior to failure.  
The misclassification errors of both the training and the total group, decrease, as we 
approach to the year of failure. In addition to that, the Type I Error of the 
aforementioned groups is lower than their Type II Error, for the whole three year 
period, which is a good indication of the predictive ability of the model.  
However, the above conclusions are violated, when the banks of the validation group 
are examined, mainly due to the small size of the group. The Type I Error is the same for 
either two or three years prior to failure and there seems to be no difference between 
the Type I and Type II Error, when the banks of the validation group are examined one 
year prior to failure.   
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4.5. Comparative results of multivariate Logistic Regression Analysis and 
Multiple Discriminant Analysis 
In this Section, the results of the two methods are going to be compared, in order to 
conclude which analysis has the greatest predictive ability. Table 15 represents the 
percentages of correctly predicted failed and healthy banks for both analyses, alongside 
their Type I and Type II Errors. 
Table 15. Comparative Results of Logistic Regression Analysis and Multiple Discriminant Analysis 
  Year prior 
to failure 
Logit Training 
Group 
MDA Training 
Group 
Logit Validation 
Group 
MDA Validation 
Group 
Logit Total 
Group 
MDA Total 
Group   
Correctly 
predicted 
1st 85.71% 80.95% 77.27% 81.82% 82.81% 81.25% 
2nd 71.43% 76.19% 72.73% 68.18% 71.88% 73.44% 
3rd 59.52% 64.29% 59.09% 63.64% 59.38% 64.06% 
Type I 
Error 
1st 4.76% 7.14% 9.09% 9.09% 6.25% 7.81% 
2nd 11.90% 9.52% 9.09% 13.64% 10.94% 10.94% 
3rd 19.05% 14.29% 18.18% 13.64% 18.75% 14.06% 
Type II 
Error 
1st 9.52% 11.90% 13.64% 9.09% 10.94% 10.94% 
2nd 16.67% 14.29% 18.18% 18.18% 17.19% 15.63% 
3rd 21.43% 21.43% 22.73% 22.73% 21.88% 21.88% 
 
Examining the results of the total sample, in the last column of Table 15, we observe 
that Multiple Discriminant Analysis performs better, when the banks are examined 
either two or three years prior to failure. This can also be depicted in the 
misclassification errors of the two analyses, where MDA’s Type I and Type II Errors are 
either equal or lower than the corresponding errors of Logistic Regression Analysis. The 
same conclusions are also extended to the training group, but they do not apply for the 
validation group. When the banks of the validation group are examined either one or 
three years prior to failure, the MDA is proved to be superior compared to the logit 
model, with equal or lower misclassifications than the latter.  
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Charts 1, 2 and 3 represent a synopsis of the two analyses for the total sample of banks, 
one year, two years and three years prior to failure. 
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5. SUMMARY AND CONCLUSIONS 
The primary objective of this study was to develop the failure prediction mechanisms of 
Logistic Regression Analysis and Multiple Discriminant Analysis (MDA) for Eurozone 
banks, using a recent bank sample, and inputting readily available data from CAMEL-
based financial ratios, in order to identify failed banks up to three years prior to failure. 
The dataset consisted of thirty-two matched pairs of failed and non-failed Eurozone 
banks, according to the size of total assets, over the period 2008-2015. The total sample 
of our banks was split into a training group (consisting of the 2/3 of the sample data) 
and a validation group (consisting of the 1/3 of the sample data). Logistic Regression 
Analysis and Multiple Discriminant Analysis were implemented on both groups for one 
year, two years and three years prior to failure, using six financial ratios, based on the 
CAMEL rating system.  
It was argued that the logit model achieves a higher overall classification rate (82.81% vs 
81.25% for the MDA) for one year prior to failure, alongside a lower Type I Error (6.25% 
vs &7.81% for the MDA) and an equal Type II Error (10.94% for both analyses). MDA 
outperformed the logit model for two and three years prior to failure, achieving higher 
overall classification rates of 73.44% and 64.06% respectively, compared to 71.88% and 
59.38% for the logit model. Type I and Type II Errors of the MDA were either equal or 
lower than those of the logit model. 
Provided that the full implementation of the Basel III Accord has been extended until 
the 31 of March 2019, the aforementioned failure prediction models can be used, 
complementary to the Accord. These mechanisms can provide significant value to 
depositors, creditors, investment firms, financial analysts and rating agencies, by making 
a distinction between weak and strong banks. In addition to that, they can be helpful for 
supervisors, in their task of ensuring the safety and soundness of financial institutions. 
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Limitations of this study  
It must be pointed out that the two models are based on a rather small sample, so 
subsequent observations should be made to extend their validity. Furthermore, there is 
not a sound theoretical framework, which can guide the selection of the financial ratios 
with the best potential to discriminate bank failure (Charitou et al., 2004). As a result, 
the empirical results should be used only as further evidence of probable failure rather 
than as conclusive proof in themselves. Future studies may wish to examine 
geographical differences between healthy and bankrupt banks and the effect of size of 
the bank on its failure. 
However, despite the limitations cited above, this study contributes to the prediction of 
bank failures, by describing two mechanisms which use readily available financial ratios, 
in order to indicate the banks that must be avoided.  
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